ABSTRACT Texture classification algorithms using local binary pattern (LBP) and its variants usually can achieve attractive results. However, the selected rotation invariant structural patterns in numerous LBP variants are not absolutely continuous invariant to any rotation angle. To improve the classification effectiveness on this occasion, in this paper, we introduce a robust descriptor based on the principal curvatures (PCs) and rotation invariant version of CLBP_Sign operator in completed LBP (CLBP), namely PC-LBP. Different from the original LBP and many LBP variants, PCs are employed in this paper to represent each local structure information due to their continuous rotation invariance. Simultaneously, both microand macro-structure texture information can also be captured through PCs, which comprise maximum and minimum curvatures. Inspired by the similar coding strategy of the CLBP_Sign operator, a new operator CLBP_PC is developed. By exploiting complementary information resulting from the two operators combination, the final PC-LBP descriptor has the properties of conspicuous rotation invariance, strong discriminativeness, gray scale invariance, needless of pretraining, and high computational efficiency. In addition, to improve the robustness of texture classification with multiresolution, a multiscale sampling approach is designed by adjusting three parameters accordingly. Experimental results demonstrate that the proposed multiresolution PC-LBP approach achieves comparable performance or outperforms a large number of state-of-the-art methods. Impressively, the classification accuracy of the proposed method performed on Outex_TC_00010 test suite is 100%.
I. INTRODUCTION
As an important visual clue in image surface, texture plays an important role in image processing, pattern recognition, and computer vision [1] - [5] . However, textures in the real world vary in rotation, illumination, scale and affine variations as imaging conditions change. Extracting powerful features for texture classification is always a challenge in texture analysis. The inherent difficulty in extracting effective texture features is that determining a high tradeoff between classification accuracy and computational complexity is anfractuous. Over the years numerous approaches for texture classification had been proposed in the literature, including co-occurrence statistics [6] , markov random field [7] , hidden markov models [8] and wavelet [9] . Later, more advanced approaches were developed for texture classification. Typically, Local binary pattern (LBP) first proposed by Ojala et al. [10] had been demonstrated to be a more simple and effective method for texture classification. Due to its prominent performance, LBP outperforms almost all other approaches and has been widely applied to face detection and recognition, image retrieval, panorama splicing, and scene reconstruction [11] , [12] .
Based on the original LBP, a wide variety of LBP variants have been proposed to enhance its robustness, discriminative power, and applicability. To improve discriminativeness, Ojala et al. [10] also proposed a local contrast descriptor VAR to combine with LBP (LBP/VAR). In a previous study [13] , Local Ternary Pattern (LTP) was introduced by Tan et al. to counteract the interference from blurring and noise. Later on, Hussain and Triggs [14] presented Local Quantized Pattern (LQP), which is designed for exploring anisotropic information. Wolf et al. [15] extended the traditional LBP with averaged patch difference magnitudes. Considering discriminativeness, popular LBP variants include Median Binary Pattern (MBP) [16] , Fuzzy Local Binary Pattern (FLBP) [17] , Completed Local Binary Count (CLBC) [18] , Dominant Local Binary Pattern (DLBP) [19] , Pairwise Rotation Invariant Cooccurrence LBP (PRICoLBP) [20] , Discriminative Completed Local Binary Pattern (disCLBP) [21] , and the combination of DLBP and Gabor filtering features [22] . Typically, Guo et al. [23] developed a completed modeling of LBP to construct completed LBP (CLBP), which takes into consideration local structure and textural information to add additional discriminant information. In the method, three operators, namely CLBP-Sign (CLBP_S), CLBP-Magnitude (CLBP_M), and CLBP_Center (CLBP_C), were jointed to produce the final CLBP descriptor. Subsequently, Extended Local Binary Pattern (ELBP) [24] was proposed by making full use of complementary texture information of local spatial patterns, which achieves much better classification accuracy with high computational efficiency.
Recently, other improved methods for texture classification also have been proposed. Nguyen et al. [25] employed both local and global structure information based on LBP and ScatNet to construct descriptor for texture classification. In another study [26] , high classification score was obtained by concatenating the sampled directional mean vectors and frequency vectors with multiscale sampling. Based on ELBP [24] , Liu et al. [27] proposed a median robust extended local binary pattern (MRELBP) by efficiently comparing image medians over a multiscale sampling scheme, which has been demonstrated to be highly robust to image noise at a low computational cost. Depeursinge et al. [28] proposed Steerable Wavelet Machines (SWM) for texture classification, which learns data-specific representations of the local organizations of image directions in a rotation invariant fashion. Merabet and Ruichek [29] employed local concave-and-convex micro-structure patterns (CCMSP) to construct image descriptors, which has powerful ability to extract discriminative and stable texture representation. However, there still remain some unsolved problems: 1) The selected rotation invariant structural patterns in many LBP variants are not absolutely continuous invariant to any rotation angle. 2) Failing to capture micro-and macrostructure texture information synchronously. 3) High feature dimensionality.
In this paper, to overcome those disadvantages, we propose a robust descriptor based on principal curvatures (PCs) [30] , [31] and rotation invariant version of CLBP_S operator (CLBP_S riu2 P,R ). In differential geometry, PCs of a point on an image surface evaluate the degree of curvature of a curve at the given point in different directions. The key contributions of this paper can be summarized as follows:
• We develop a formal definition of the ratio between maximum and minimum curvatures based on the geometric property of PCs, which provide micro-and macro-structure texture information.
• A new CLBP-like operator CLBP_PC and its corresponding descriptor PC-LBP are proposed, which have the property of conspicuous rotation invariance and are more powerful to discriminate texture information.
• We further extend our proposed descriptor to incorporate multiresolutions by adjusting three parameters accordingly, which should be more reliable and has strong discriminativeness.
• For computational efficiency, we present a moderate feature dimensionality, and provide the high tradeoff between classification accuracy and computational complexity. The rest of this paper is organized as follows. Section II briefly discusses the related work. Section III describes the proposed method in detail. Section IV reports extensive experimental results. Conclusions and future work are given in Section V.
II. RELATED WORK A. LBP
An LBP [10] encodes the local grayscale difference information in textured images, which are detected by sampling grayscale difference values at a central point c and p points spaced equidistantly around a circle of radius R. LBP encoding is:
where g c denotes the gray value of the central pixel, whereas g p represents the gray value of the neighbor pixel.
To make the LBP descriptor robustness to rotation, a uniform and rotation invariant descriptor LBP riu2 P,R was proposed, which can be formally defined as
where
where superscript riu2 represents the rotation invariant ''uniform'' patterns with U ≤ 2. Therefore, mapping from LBP P,R to LBP riu2 P,R has only P+2 distinct output values, resulting in a much shorter histogram representation for the whole image.
B. CLBP
Despite the high-efficiency and simplicity of LBP for texture classification, its underlying working mechanism still needs more investigation. From the Eq. (1) and Eq. (3), we can obviously observe that LBP oversimplifies local structure and loses textural information, which leads to different textures being classified into a same type. To improve the ability to distinguish local structure, Guo et al. [23] proposed CLBP descriptor, by which image local differences are decomposed into two complementary components, the signs s p and the magnitudes m p . Two operators called CLBP_S and CLBP_M, respectively, are proposed to encode them, where the CLBP_S is equivalent to the conventional LBP, and the CLBP_M measures the local variance of magnitude. The CLBP_M is formulated as
where threshold c is the mean value of m p of the whole image. Moreover, CLBP_C operator also has the capacity of discriminativeness by extracting the local central information. The overall CLBP_S/M/C descriptor is finally obtained by constructing a 3-D joint histogram of the three operators.
C. PRINCIPAL CURVATURES
For a point p 0 of a differentiable surface in three-dimensional Euclidean space, its normal vector n is unique. The normal plane at the p 0 point denotes a flat which contains the normal vector n and the only direction tangent to the surface [31] . Besides, there are an infinite number of orthogonal curvatures at the p 0 point of the curved surface. Minimum curve denotes the curve with the smallest bending, and its curvature is λ 1 . Correspondingly, the curvature perpendicular to the plane of the minimum curvature is the maximum curvature, denoted by λ 2 . Both the two curvatures are referred to as PCs, which represent the extreme values of all curvatures at the given point. Therefore, PCs can felicitously represent both micro-and macro-structure information of target image. Furthermore, as a significant geometric property of image surface, PCs are distinct in describing the local structures of textures and invariant to rotation at any angle [30] - [34] . Fig. 1 presents the schematic drawing of PCs at a local image surface. PCs of local points in image surface usually can be obtained by analyzing the eigenvalues of Hessian matrix, and several approaches for computing the eigenvalues have been proposed in the literature [32] - [39] . Hessian matrix and its eigenvalues have been widely applied to detect and enhance texture information, especially in segmentation and angiography for medical images [36] , [37] . In this paper, we use PCs to represent each local texture structure due to their significant geometric property. 
III. PROPOSED METHOD
Although CLBP in [23] can improve the classification accuracy by combining both local binary grayscale difference and structural information, the selected rotation invariant structural patterns are not absolutely continuous invariance at any rotation angle [18] . Inspired by the geometric property of PCs, a new descriptor is proposed by exploiting complementary information resulting from CLBP_S riu2 P,R as well as PCs. Based on the fact that LBP is a special case of CLBP by using only CLBP_S, the proposed descriptor is named as PC-LBP. Motivated by the coding strategy of CLBP_S and in order to code PCs in a consistent format with that of Sign in CLBP, we code the PCs by a binary string as the similar way of CLBP_S, and CLBP_PC denotes the binary map. Both the two code maps, CLBP_S (i.e., LBP) and CLBP_PC, are in binary format so that they can be conveniently combined to form the final PC-LBP histogram. Hence, the proposed descriptor PC-LBP can achieve continuous invariance at any rotation angle and capture micro-and macro-structure texture information simultaneously than conventional LBP-based schemes. Moreover, compared with other advanced methods, e.g., CLBP, ELBP, and MRELBP, the computational complexity of our method is relatively lower by just introducing one operator to form a joint 2-D histogram. In addition, to improve the robustness for texture classification with multiresolution, a multiscale PC-LBP approach is designed by adjusting three parameters accordingly. Fig. 2 presents the proposed PC-LBP descriptor and its multiresolution framework. Thereinto, the content in the blue frame denotes the proposed PC-LBP descriptor, and the content in the red frame denotes a concatenated double-scale PC-LBP descriptor. The calculating process for the multiresolution PC-LBP approach can be divided into the following three parts.
A. CALCULATION OF PRINCIPAL CURVATURES
For a gray image I (x, y), the Hessian matrix of one point for a scale factor σ is defined as follows:
where * denotes the convolution, G xx , G yy , and G xy are the second-order derivative filters of the image along direction of x, y, and xy, respectively. The three second-order Gaussian derivative filters in our paper can be formulated as follows:
+y 2 2σ 2 (6)
+y 2 2σ 2 (7) The Gaussian operator with standard deviation σ is given by
The eigenvalues of the Hessian matrix are calculated by solving the characteristic equation |H − λI | = 0 for λ [31] . The eigenvalues are calculated as follows:
where λ 1 and λ 2 represent the eigenvalues of Hessian matrix at a given point, and they are defined as PCs [30] , [32] , [33] . Since the eigenvalues contain the extremal amount of variance in target texture images, these measurements are robust calculations for the likelihood of texture information. Moreover, PCs are invariant to rotation at any angle. Therefore, remarkable texture classification results can be achieved by using λ 1 and λ 2 . Fig. 3 presents the eigenvalues of a sample image obtained by three Gaussian second-order derivative filters with different Gaussian standard deviations σ . As can be seen, the minimum curvature λ 1 can efficiently present the micro-structure information of image surface. Similarly, the macro-structure information can be represented by the maximum curvature λ 2 . By using only the two extreme values in all curvatures, our proposed descriptor is capable of preserving significant extreme structures while removing nonsignificant information, with corresponding reducing computation complexity apparently. 
B. CLBP_PC OPERATOR
In the literature [38] , [39] , the absolute ratio between eigenvalues of Hessian matrix had been verified to be able to eliminate non-linear structures by increasing contrast between foreground and background objects. Therefore, the ratio between eigenvalues (i.e., PCs) of Hessian matrix is also introduced into our CLBP_PC operator. Slightly different from the absolute ratio presented in [38] and [39] , the ratio herein is defined as
In general, the distributions of λ 1 and λ 2 are very dense around zero. To increase the distinction among local structures, the arctangent function on δ PC is employed in our method
To code η in a consistent format with that of Sign in CLBP, we define the following CLBP_PC operator
where k is the mean value of η p from the whole image. The CLBP_PC operator produces CLBP_S-like binary string so that it can be readily incorporated with the CLBP_S operator. Generally, the two operators can be combined in concatenation or jointly. In this paper, the proposed PC-LBP descriptor is constructed by calculating a joint 2-D histogram of the CLBP_S (i.e., LBP) and CLBP_PC codes.
C. DISSIMILARITY METRIC AND MULTISCALE PC-LBP
To fairly appraise the effectiveness of PC-LBP with other algorithms, nearest neighbor classifier (NNC) is chosen as the judging tool. In this paper, we utilize the NNC with the chi-square distance as the dissimilarity measure between training and testing histograms. The distance between two histograms using chi-square distance can be formulated as follows
where N is the number of bins, U i and V i are the values of the testing and training images at the i th bin, respectively. Because PCs obtained by Gaussian derivatives filters are related to Gaussian standard deviation σ , multiresolution analysis is also used in our method by employing multiple operators of various (P, R) and σ . The scheme of multiresolution analysis is defined as follows
where J is the number of operators, S σ J and M σ J are the testing and training histograms obtained from the j th operator, respectively. Finally, the proposed multiresolution PC-LBP approach is defined as PC − LBP σ 1 +σ 2 +···σ m (P 1 ,R 1 )+(P 2 ,R 2 )+···(P n ,R n ) . Similar to CLBP_S riu2 P,R , our rotation invariant pattern of PC − LBP σ 1 +σ 2 +···σ m (P 1 ,R 1 )+(P 2 ,R 2 )+···(P n ,R n ) can achieve conspicuous rotation invariance at any rotation angles. To facilitate the writing of superscripts and subscripts of our multiresolution approach, PC-LBP and its variants in the following sections all refer to the rotation invariant pattern.
IV. EXPERIMENTAL RESULTS
In this section, the performance of the proposed method is analyzed by a comprehensive comparison with a large number of state-of-the-art texture classification methods. The superior quality of our method is verified by quantitative and qualitative evaluations using real world applications. Furthermore, the code is programmed using MATLAB, and each experiment is implemented with 1-NN for classification. The following subsections describe: 1) the image data and setup used in the experiments; 2) experimental tests for parametric optimization of the proposed approach and 3) comparative assessment of performance.
A. IMAGE DATA AND EXPERIMENTAL SETUP
Two challenging texture databases, Outex and CUReT, are used to verify the performance of our method. Moreover, as an essential preprocessing measure for texture classification algorithms, normalization is usually applied to texture images, which makes the images have zero mean and unit standard deviation, along with providing invariance to global affine transformations. Thus, all texture images are first normalized in the following experiments.
1) OUTEX DATABASE AND ITS CORRESPONDING EXPERIMENTAL SETUP
In the Outex database [40] , Outex_TC_00010 (TC10) and Outex_TC_00012 (TC12) are chosen for our experiments. The two test suites include the same 24 classes of textures, which were collected under three different illuminants (''horizon'', ''inca'', and ''t184'') and nine different rotation angles (0 For TC12, there are 9120 samples created for rotation and illumination invariant texture classification. The classifier is trained with the same training samples as TC10, but tested with all samples captured at all 9 rotation angles under different illuminants ''t184'' or ''horizon''. Significant local gray-scale distortion usually occurs as illuminant change, therefore the test suite TC12 is more complicated and changeable than TC10.
2) CUReT DATABASE AND ITS CORRESPONDING EXPERIMENTAL SETUP
CUReT database [41] is a challenging test of texture descriptors because all samples in this database are captured under VOLUME 6, 2018 
B. EXPERIMENTAL TESTS FOR PARAMETRIC OPTIMIZATION
To achieve high tradeoff between computational efficiency and classification precision, in this section, we plan to optimize the parameters of the proposed method. So we test the performance of our method with different parameters in the following four perspectives.
1) GAUSSIAN STANDARD DEVIATION
As mentioned in the Section 3.1, the radius of Gaussian second-order derivative filter is positive correlation with Gaussian standard deviation σ . If the σ is small, the interference from noise will be great. To the contrary, Gaussian second derivative filters with large σ cannot capture detailed information. Hence, the influences of different σ on our method are first tested on TC10 to optimize the proposed PC-LBP descriptor. The classification results of PC-LBP with different σ and (P, R) are shown in Table 1 . As can be seen, high scores are mainly obtained when σ get 2, 3, and 4, respectively. In this paper, for a single-scale PC-LBP descriptor, Gaussian standard deviation σ is set as 2. 
2) PC-LBP AND ITS CONCATENATED DOUBLE-SCALE PATTERN VS. OTHER VARIANTS RESULTING FROM THE COMBINATIONS BETWEEN OUR CLBP_PC OPERATOR AND ONE OR MORE OF THE THREE OPERATORS IN CLBP
Noticed that CLBP_S/M/C contains three operators, CLBP_S, CLBP_M, and CLBP_C, to verify the superiority of the proposed PC-LBP descriptor, we combine our CLBP_PC operator with one or more of the three operators in concatenation or jointly. Moreover, to improve the credibility and accuracy of comparison results, we vary (P,R), the number and magnitude of σ parameters in each experiment on TC10 test suite. Regularly, with the increasing number of σ , the feature dimensionality of our method will increase exponentially. Considering the results in Table 1 , we propose to fix σ 1 = 2 and σ 2 = 4 for building the multiscale model in our remaining experiments. PC-LBP 2 denotes the proposed single-scale pattern, and PC − LBP 2+4 denotes the concatenated double-scale pattern. With regards to discriminativeness, the multiscale feature dimensionalities and abbreviations of different combination types are presented in Table 2 . Because there are many types of combination methods, we only list the top three results of all types and their feature dimensionalities in Table 3 . As can be seen, regardless of different (P,R) and σ parameters, the PC-LBP approach performs outstanding results in most cases. Besides, the feature dimensionality of the proposed method is the lowest, which reveals that our method may achieve high efficiency for texture classification.
PC − LBP 2 and PC − LBP 2+4 vs. Other methods with different (P,R):To fully verify the superiority of the proposed method, we also investigate the performance of our PC − LBP 2 and PC − LBP 2+4 with respect to other algorithms on TC10 and TC12. All the results from other methods are quoted directly from the original papers. In comparison with other algorithms, (P,R) in each test are set as (8,1), (16, 2) , and (24,3), respectively. Table 4 lists the comparing classification accuracy by different schemes. Under TC12, ''t'' represents the test setup of illuminant ''t184'' and ''h'' represents ''horizon''. We can find that the proposed PC − LBP 2 achieves about 3.6% improvement over ELBP with (P,R) = (8,1), and slightly lower than it with (P,R) = (16,2) or (24,3). But our PC − LBP 2 can significantly outperform the remainder methods. In addition, the PC − LBP 2+4 performs better than PC − LBP 2 with every value of (P,R). Similarly, the PC − LBP 2+4 achieves about 5.3% improvement over ELBP with (P,R) = (8,1), and comparable to it with the other two values of (P,R). So the double-scale pattern PC −LBP 2+4 is used to build our multiresolution model in the following perspective.
3) MULTIRESOLUTION ANALYSIS
The performance of our double-scale PC − LBP 2+4 with multiresolution analysis has also been probed. Table 5 reports the classification results of PC − LBP 2+4 at diverse multiresolutions. We can observe that the results obtained by multiresolution approach are much better than that of single resolution approach. In the meantime, the increase of feature dimensionalities with different multiresolutions is mainly caused by the sampling neighbors P in (P,R). Therefore, to reduce the computational complexity of the proposed method, we fix the number of sampling neighbors to P = 8 in the remaining experiments. Due to the significant geometric property of PCs, rotation invariance of the proposed approach has been significantly improved. For example, both classification rates of PC − LBP (2+4) (8,1)+ (8, 5) and PC − LBP (2+4) (8,1)+(8,3)+(8,5) on TC10 are 100%, which fully demonstrates the rotation invariance of the proposed approach. Furthermore, high classification rates can also be obtained at 't184'' and ''horizon'' on TC12, which reveals that the proposed method also has strong robustness against grayscale changes. In addition, PC − LBP (2+4) (8,1)+(8,3) achieves a highest average value 99.39%, indicating that it is more stable on the two test suites. Hence, to avoid tuning parameters and to preserve VOLUME 6, 2018 (8, 5) are applied to make comprehensive comparative evaluations with nineteen recent state-of-theart methods. Table 6 presents the classification performance and feature dimensionalities of different methods on the two Outex test suites. All the results from other methods are quoted directly from the original papers. We can observe that our proposed PC − LBP (2+4) (8,1)+ (8, 3) and PC − LBP (2+4) (8,1)+ (8, 5) achieve comparable or even better classification results than MRELBP and LCCMSP, whereas the feature dimensionalities of the two proposed schemes are much lower than theirs. For the remaining 17 methods, the two schemes perform significantly and consistently better than them. The striking performance of our proposed multiresolution approach clearly demonstrates that the concatenated joint distributions of the CLBP_S and CLBP_PC codes turn out to be a very powerful representation of image texture, making effective use of geometric property of PCs. To the best of our knowledge, the perfect classification rate of 100% for our multiresolution approach is the best result for TC10. We should bear in mind that there are significant variations in gray scale and rotation exist in TC10 and TC12. So, the classification results in Table 6 firmly demonstrate the strong discriminativeness, continuous rotation and gray-scale invariance declared of our multiresolution approach. Furthermore, high classification scores are achieved by the PC − LBP approach in a lower feature dimensionality, with corresponding reducing storage requirements and computation cost.
2) RESULTS FOR CUReT DATABASE
In this part, all experiments on CUReT database are randomly repeated 100 times to obtain credible results. The average classification rates with different train number N are shown in Fig. 6 , and all the results from other methods are obtained directly from original literature. For fair comparison with other methods, only the classification results of LBP/VAR, LTP, CLBP, CLBC, ELBP, and MRELBP obtained with NNC classifier are collected, since we mainly focus our attention on the effectiveness of the descriptor rather than on the capabilities of the classifier. For the MRELBP, only the result at N = 46 was provided in original literature [27] . As shown in Fig. 6 , we can clearly observe that the two schemes PC − LBP To highlight the effectiveness of the two proposed schemes, a comprehensive evaluation of the best classification performance with those of state-of-the-art texture descriptors using the same NNC classifier was also implemented. Table 7 (8, 3) , this is mainly because of the increasing of value R in (P,R). Generally, a similar improvement can also be achieved by increasing the number and magnitude of Gaussian standard deviation σ . In this paper, our goal is to improve robustness and accuracy performance for gray scale and rotation invariant texture classification in a much simpler, reduced-dimensionality setting. Moreover, keep in mind that all the evaluations are simply performed using 1-NN classifier, since we mainly focus on the efficiency representation of texture features with continuous rotation and gray scale invariance. Using a more advanced classifier might improve performance significantly. VOLUME 6, 2018 Finally, the computational cost of the proposed PC-LBP approach is more desirable. At the feature extraction stage, we use a similar sampling with fewer neighbors like MRELBP [27] than in many other LBP variants. Furthermore, our PC-LBP descriptor is obtained using only two operators, which is less than other descriptors such as CLBP, ELBP, and MRELBP. At the classification stage, in comparison with various LBP variants, our multiresolution PC-LBP approach has a modest feature dimensionality (400), so PC-LBP is exactly a simple and efficient descriptor for texture classification.
V. CONCLUSIONS AND FURTURE WORK
Based on the geometric property of PCs, this paper has proposed a robust PC-LBP descriptor for texture classification. A comprehensive evaluation of the proposed approach is performed on two representative texture databases, with comparison to a large number of state-of-the-art methods including LBP variants and non-LBP descriptors. Through the analysis of the experimental results, the proposed method achieves comparable performance or outperforms many existing descriptors on each tested database. As we expected, the proposed PC-LBP approach has attractive advantages of conspicuous rotation invariance, strong discriminativeness, gray scale invariance, and needless of pretraining. For computational efficiency comparison of the evaluated descriptors, the proposed method presents a moderate feature dimensionality, and provides the high tradeoff between computational complexity and classification accuracy.
As future work, we plan to explore the underlying relationship between images and multiscale parameters of our method, and believe it will greatly help us to improve the robustness of PC-LBP for texture classification. In addition, seeking a more advanced classifier for the proposed descriptor is also our future work. 
